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Table S1: Feature/taxa selection methods/variants applied in this study .

Maximum Relevancy

e MRMR4: b.w. on top-50 ranking features, SVM eval. w/o stat. comp.
e MRMRS: b.w. on top-200 ranking features, SVM eval. with stat. comp.
e MRMRG6: b.w. on top-200 ranking features, SVM eval. w/o stat. comp.

Method Abbreviations of variants and details Reference
Generalized Local Learning  |¢ GLL: 5% alpha, Fisher’s Z test, max-k = 1 2
SVM-based Recursive Feature @ SVM-RFE1: with stat. comp. 3
Elimination e SVM-RFE2: w/o stat. comp.

Univ. based on the Kruskal- @ UAF-KW1: b.w., SVM eval. with stat. comp.
Wallis non-parametric one- | UAF-KW2: b.w., SVM eval. w/o stat. comp.
way ANOVA test e UAF-KW-FDR: using features that are significant at 5% FDR
Univ. base on the signal-to- @ UAF-SNI1: b.w., SVM eval. with stat. comp.
noise ratio o UAF-SN2: b.w., SVM eval. w/o stat. comp.
Univ. based on the ratio of ¢ UAF-BW1: b.w., SVM eval. with stat. comp.
between-group to within- e UAF-BW2: b.w., SVM eval. w/o stat. comp. 7
group sum of squares
. e UAF-T1: b.w., SVM eval. with stat. comp.
EtI:s\; based on the two-sample e UAF-T2: b.w., SVM eval. w/o stat. comp.
e UAF-T-FDR: using features that are significant at 5% FDR
e UAF-X21: b.w., SVM eval. with stat. comp.
Univ. based on the X*-test e UAF-X22: b.w., SVM eval. w/o stat. comp.
e UAF-X2-FDR: using features that are significant at 5% FDR
e MRMRI1: b.w. on top-1000 ranking features, SVM eval. with stat. comp.
e MRMR2: b.w. on top-1000 ranking features, SVM eval. w/o stat. comp.
Minimum Redundancy and  |¢ MRMR3: b.w. on top-50 ranking features, SVM eval. with stat. comp. 89

Random Forest based Variable
Selection

e REVSI1: b.w., with stat. comp.
e RFVS2: b.w., w/o stat. comp.

Least-Angle Regression
Elastic Net

e LARS-ENI1: b.w. on regression coefficients, SVM eval. with stat. comp.
e LARS-EN2: b.w. on regression coefficients, SVM eval. w/o stat. comp.

Soft Independent Modeling of
Class Analogy

e SIMCA: original method
e SIMCA-SVMI1: b.w., SVM eval. with stat. comp.
e SIMCA-SVM2: b.w., SVM eval. w/o stat. comp.

Principal Component Analysis

e PCA1: b.w. on the first principal component loadings of features, SVM
eval. with stat. comp.

e PCA2: b.w. on the first principal component loadings of features, SVM
eval. w/o stat. comp.

Sparse Principal Component
Analysis

e SPCA1: b.w. on the first sparse principal component loadings of features,
SVM eval. with stat. comp.

o SPCA2: b.w. on the first sparse principal component loadings of features,
SVM eval. w/o stat. comp.

Threshold Gradient Descent
Regularization

e TGDRI1: b.w. on regression coefficients, SVM eval. with stat. comp.
e TGDR2: b.w. on regression coefficients, SVM eval. w/o stat. comp.
e TGDR3: original method

No feature/taxa selection

e ALL: Using all features/taxa in the data

" “Univ.’ stands for univariate; ‘b.w.’ stands for backward wrapper; ‘stat comp.’ stands for statistical
comparison of classification accuracy estimates of nested feature subsets; ‘SVM eval.’ stands for
evaluation of the nested subsets of features by linear SVMs; ‘FDR’ stands for false discovery rate

control.




Table S2: Classification accuracy (AUC) for 37 feature selection methods for each of the four classification tasks in data from the V3-
V5 16S rRNA locus .

Q_
Q V3 <
Tasks & &Yy & & & o S99 v
~ ~ N A A Y S &/ A A A VA Y Y
OB 5 & X ¥ ¥ ¥ ¥ O ¥ ¥ ¥ ¥ ¥ X X
PNvs. CC 0854 0771 0821 0835 0.858 0.896 00911 0.847 0.871 0.858 0831 0.850 0.867 0.807 0.787 0.821 0.894
PLvs.CC 0806 0752 0.779 0.799 0.825 0.824 0.832 0.800 0.824 0799 0.788 0.799 0.807 0.561 0.768 0.804 0.817
PL vs. PN 0754 0.323 0.589 0.544 0.669 0.631 0.500 0.683 0.618 0503 0.450 0.703 0.660 0.500 0.454 0.419 0.447
CCvs. PL and PN 0.894 0.845 0.820 0.872 0.829 0.877 0.874 0.854 0.875 0.857 0.852 0.860 0.877 0.884 0.789 0.844 0.861
Average 0.827] 0.673 [0.752]0.762 [ 0.795[0.807 [ 0.779 [ 0.796 [ 0.797 [ 0.754 [ 0.730 [0.803]0.802 [ 0.688[0.700]0.722] 0.755
N4 Q%
g & 58
Tasks Q<_o “// “// / /

PN vs. CC 0.777 0.806 0774 0.817 0776 0.813 0923 00906 0.850 0.854 0.818 0.838 0.838 0.782 0.776 0.673 0.774 0.834 0.838 0.848
PLvs.CC 0.767 0.801 0.767 0.802 0.767 0.804 0.851 0.849 0.800 0.813 0.782 0.806 0.800 0.638 0.700 0.636 0.727 0.781 0.787 0.842
PL vs. PN 0.478 0.432 0474 0.459 0.478 0442 0.751 0.685 0.685 0.645 0.638 0.634 0.611 0.468 0.412 0.454 0.440 0.564 0.568 0.509

CCvs. PL and PN 0.799 0.829 0.798 0.824 0.799 0.826 0.906 0.899 0.860 0.876 0.815 0.842 0.843 0.715 0.808 0.698 0.826 0.790 0.849 0.876
Average [0.705] 0.717 [0.703]0.725]0.705 [ 0.721 [ 0.857 [ 0.835 [0.799]0.797 [ 0.763[0.780 [ 0.773 ] 0.651 [ 0.674 [ 0.615 [ 0.692 [0.742]0.761[0.769

" The results shown with bold underlined font have statistically significant classification accuracy (at 5% alpha-level adjusted for
multiple comparisons). For a detailed description of the feature selection methods, see Table S1.



Table S3: Number of features/taxa selected by 37 feature selection methods for each of the four classification tasks in data from the
V3-V5 168 rRNA locus .

Q_
Q Ve &
> Y~ v 4 N v Q Q
Tasks & & &F&EFF & & & o0 Sy
~ ~ A R A A AN Y &/ A Y A A A A 'Y
¥ ¥ & o ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ § 5§ 5§ 5
PNvs. CC 2.80 660.00 1.10 33.84 1.06 14.26 12.63 1.09 19.37 21226 31525 1.02 19.07 159 1.23 29.75 124.11
PL vs.CC 250 660.00 1.22 5203 1.21 38.98 10.20 121 36.08 239.18 34226 1.12 4342 031 126 3825 15531
PLvs. PN 210 660.00 1.83 26.18 154 23.37 0.00 186 33.66 173.17 24830 1.21 2423 0.00 272 66.94 113.95
CCvs. PL and PN 370 660.00 121 5220 1.13 3832 2207 106 47.29 157.17 28364 1.06 39.72 556 1.23 59.88 74.42
Average 2.78 [ 660.00 | 1.34 [41.06] 1.24 [28.73]11.23] 1.31 [ 34.10 [ 195.45] 297.36 | 1.10 [31.61] 1.87 | 1.61 [48.71] 116.95
S N
Tasks ¢ & e e e s o 485 &g s 8 s g
N N S 5§ 5 S < < JS I o & &5 Q Q 2 2 < & K
PNvs. CC 285 60.68 262 1415 277 2099 41.07 14699 1.03 2129 828 816 11.12 106 6.08 54.60 242.87 1.05 4.09 18.60
PLvs.CC 212 1977 206 1091 207 1365 11.94 17.33 106 33.74 2.66 14.65 1861 1.14 7.93 39.26 24206 1.12 554 18.85
PLvs. PN 2.86 53.18 234 1145 259 2420 10.18 37.08 1.38 11.96 475 10.80 19.28 1.36 9.24 2834 119.12 124 363 12.96
CCvs. PL and PN 258 3628 258 1415 260 2236 7.54 2558 106 3355 911 19.29 27.95 129 16.30 46.82 339.78 124 656 19.30
Average [ 260 [ 42.48 [ 2.40 [12.67] 2.51 [20.30[17.68] 56.75 | 1.13 [25.14 [ 6.20 [13.23[19.24] 1.21 [ 9.89 [42.26] 235.96 [ 1.16 [ 4.96 [17.43

" For a detailed description of the feature selection methods, see Table S1.



Table S4: Classification accuracy (AUC) for 37 feature selection methods for each of the four classification tasks in data from the V1-
V3 16S rRNA locus’.

N Y
) B Y
Tasks & & S $
v 7

¥ ¥ 5 o ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ 5§ ¥ ¥

PN vs. CC 0.405 0.421 0.454 0414 0.458 0400 0.500 0.436 0.389 0.439 0430 0.445 0.376 0500 0.478 0.424 0.460
PLvs.CC 0751 0622 0.677 0.662 0.718 0.693 0.712 0.676 0.667 0.634 0.621 0.682 0.674 0502 0.642 0.635 0.675
PLvs. PN 0576 0.497 0576 0.545 0.643 0.612 0533 0579 0556 0562 0537 0588 0564 0.499 0.663 0.602 0.664
CCyvs. PL and PN 0.482 0.508 0.488 0.472 0.566 0.525 0.513 0.500 0.470 0.474 0.472 0525 0.481 0.500 0.514 0.478 0.492
Average 0.553 | 0.512 [0.549 [0.524 [0.596 [0.558 [ 0.565 [0.548 | 0.520 | 0.527 | 0.515 [0.560 [0.524 [0.500 [0.574 [0.535 | 0.573
& &
y NS
Tasks & & & & & & > A% Q? Q? < v—o/) v-o/) g v g v 3
S S S 5§ 5 3 < < J I &5 &5 g Qq Q 2) 2) NS
PN vs. CC 0.454 0418 0461 0426 0.455 0412 0.424 0401 0.449 0.404 0.484 0.460 0423 0.446 0.421 0462 0452 0.451 0.446 0.418
PLvs.CC 0.625 0.621 0.627 0.639 0.627 0.633 0.721 0.687 0.679 0.671 0.648 0.662 0.656 0.508 0.577 0.493 0578 0.661 0.652 0.639
PLvs. PN 0.616 0580 0.615 0.594 0.611 0.590 0.679 0.654 0.590 0.564 0.570 0.574 0.563 0.495 0.512 0.492 0.537 0.596 0.576 0.560
CCyvs. PL and PN 0.501 0484 0.516 0.480 0.510 0.465 0.585 0.552 0.530 0.497 0.533 0.531 0.497 0.500 0.480 0.487 0.485 0.534 0.520 0.519
Average [0.549 [ 0.525 [0.555 [0.535 [0.551 [0.525 [0.602 | 0.573 [0.562 [0.534 [0.559 [0.557 [0.535 [0.487 [0.498 [0.483 | 0.513 [0.560 [0.548 [ 0.534

" The results shown with bold underlined font have statistically significant classification accuracy (at 5% alpha-level adjusted for
multiple comparisons). For a detailed description of the feature selection methods, see Table S1.



Table S5: Number of features/taxa selected by 37 feature selection methods for each of the four classification tasks in data from the
V1-V3 16S rRNA locus .

Q_
Q & &
4 A v “ N v Q <
£ & &YF &S 5 0 sy
~ ~ R I I A S A o &/ A A A R AR YA
O 9 6 5 ¥ ¥ JF F F ¥ JF F JF ¥F ¥ F I
PN vs. CC 2.00 791.00 1.85 59.42 249 7480 0.00 411 87.78 9448 16447 237 86.85 0.00 244 66.37 98.50
PLvs.CC 380 791.00 1.44 49.62 121 3885 10.01 157 4052 162.88 310.39 1.27 3821 007 233 6048 100.38
PLvs. PN 310 791.00 1.84 50.79 161 5051 0.82 252 77.16 154.18 287.93 1.70 64.16 0.01 1.95 49.96 84.20
CCyvs. PL and PN 420 791.00 6.08 8867 151 6350 0.62 3.87 110.47 93.89 203.94 8553 0.01 2.00 77.62 42.81
Average 3.28 [791.00 | 2.80 [62.13] 1.71 [56.92 | 2.86 [ 3.02 | 78.98 [126.36 | 241.68 | 202 |68.69 [ 0.02 | 2.18 [63.61 [ 81.47
N4 Q%
asks N v M Vs ) © ~ o / / ~N o ~ o I
S S & 5§ § § £ < JS I o & & & q 2 2) NS
PNvs.CC 743 169.05 434 16.63 559 37.94 1177 3485 184 3995 558 6.86 27.80 1.18 1458 1217 76.18 136 262 3.92
PLvs. CC 9.90 28383 4.96 2222 629 5950 11.57 189.17 1.22 1928 559 11.68 38.25 172 20.93 50.76 29274 144 519 14.16
PLvs.PN 413 7093 352 13.79 417 2532 1069 61.02 166 3553 4.33 1537 44.11 151 21.69 2962 167.76 153 464 13.71
CCvs. PL and PN 14.05 331.43 528 19.75 6.14 57.34 642 2660 278 38.78 6.92 855 4027 129 14.91 2354 160.19 152 270 7.04
Average [ 8.88 [213.81 | 4.53 [18.10 [ 5.55 [45.03 [10.11 [ 77.91 | 1.88 [33.39 [ 5.61 [10.62 [37.61 [ 1.43 [18.03 [29.02 [174.22 [ 1.46 [ 3.79 [ 9.71

" For a detailed description of the feature selection methods, see Table S1.



Table S6: Comparison of the original univariate analysis of the V1-V3 dataset ° with the
present multivariate analyses of the V1-V3 and V3-VS5 datasets for development of molecular
signatures .

PL vs. CC PL.vs. PN PNvs. CC CCvs. PN and PL
ORIG + ORIG + ORIG - ORIG N/A
Cupriavidus V1-V3 ++ V1-V3 ++ V1-V3 -- V1-V3 --
V3-V5 ++ V3-V5 - V3-V5 ++ V3-V5 ++
ORIG + ORIG + ORIG - ORIG N/A
Methylobacterium|{|V1-V3 ++ V1-V3 -- V1-V3 -- V1-V3 ++
V3-V5 -- V3-V5 -- V3-V5 -- V3-V5 ++
ORIG + ORIG + ORIG + ORIG N/A
Schlegelella V1-V3 -- V1-V3 ++ V1-V3 - V1-V3 --
V3-V5 ++ V3-V5 -- V3-V5 ++ V3-V5 ++

" The results of the original univariate analysis of the V1-V3 dataset '* are denoted as “ORIG”,
and the results of the present multivariate analyses of the V1-V3 and V3-V5 datasets are denoted
as “V1-V3” and “V3-V5”, respectively. The following notation is used to summarize results: “+”
means that the genera was statistically significant in the prior analysis '°; “-” means that the
genera was not statistically significant in the prior analysis '°; “++” means that that the genera
was either often included in molecular signatures constructed by cross-validation or in the
molecular signature constructed on the entire dataset; and “--” means that that the genera was
neither often included in molecular signatures constructed by cross-validation nor in the

molecular signature constructed on the entire dataset (see Supplementary files 1 and 2).
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